Abstract Diatom surface sediment samples and corresponding water chemistry were collected from 56 lakes across a natural conductivity gradient in western Uganda (reflecting a regional climatic gradient of effective moisture) to explore factors controlling diatom distribution. Here we develop a regional training set from these crater lakes to test the hypothesis that this approach, by providing more appropriate and closer analogues, can improve the accuracy of palaeo-conductivity reconstructions, and so environmental inferences in these lake systems compared to larger training sets. We compare this output to models based on larger, but geographically and limnologically diverse training sets, using the European Diatom Database Initiative (EDDI) database. The relationships between water chemistry and diatom distributions were explored using canonical correspondence analysis (CCA) and partial CCA. Variance partitioning indicated that conductivity accounted for a significant and independent portion of this variation. A transfer function was developed for conductivity (r jack 2 = 0.74). Prediction errors, estimated using jack-knifing, are low for the conductivity model (0.256 log 10 units). The resulting model was applied to a sedimentary sequence from Lake Kasenda, western Uganda. Comparison of conductivity reconstructions using the Ugandan crater lake training set and the East Africa training set (EDDI) highlighted a number of differences in the optima of key diatom taxa, which lead to differences in reconstructed values and could lead to misinterpretation of the fossil record. This study highlights issues of how far transfer functions based on continental-scale lake datasets such as the EDDI pan-African models should be used and the benefits that may be obtained from regional training sets.
2009), especially in terms of fluctuations associated with the Mediaeval Warm Period and the Little Ice Age. Biotic proxies in lake sediments have been extensively used to understand climate and environmental change in many different lake types and regions. Diatom analysis is one of the most powerful and successful proxies used in reconstructing past water chemistry parameters (Battarbee 2000; Battarbee et al. 2001) . Calibrating the present day distributions of diatoms in lakes against a known environmental gradient of ecological and environmental significance (e.g. water chemistry, such as conductivity) provides a tool for inferring changes from sedimentary records in lake basins. In particular, diatoms are known to respond to changes in conductivity even below the true saline threshold (3 g L -1
total dissolved solids; Hammer 1986; Wilson et al. 1996; Ryves et al. 2002) , while a direct control by salinity (osmotic pressure) on diatom metabolism is supported on strong physiological grounds.
In eastern Africa, quantitative diatom models have been developed to trace changes in past water chemistry (Gasse and Tekaia 1983; Gasse et al. 1995) . The broad geographic area, wide species coverage and statistical strength of the EDDI East Africa transfer function (http://craticula.ncl.ac.uk/ Eddi) has led to its use in numerous studies that seek to reconstruct former African hydrological and climatic variability, especially in larger lakes (Gasse and Van Campo 1994; Barker et al. 2002; Chalié and Gasse 2002; Stager et al. 2005 Stager et al. , 2009 Stager et al. , 2011 . Such calibration sets are continental in scale, and often result through the merging of regional training sets. However, these may not be appropriate in regions dominated by lake types or taxa rare in these datasets, and may lead to unreliable inferences. There are analogue issues in their application to geographic areas and lake types not well covered in the models, and inevitably taxonomic concerns arise from merging training sets analysed by different workers at different times using a range of sampling methods. This is particularly the case for taxonomically difficult, but ecologically diverse, diatom groups. Whilst some of these aspects can be explored using analogue-matching techniques within these large datasets or developing sample-specific training sets and movingwindow models (Hübener et al. 2008) , these essentially statistical approaches do not address fundamental issues about regional and local representation within these datasets that other studies have shown to be important (Reed 1998; Avery et al. 2009; Mills 2009) .
Volcanic crater lakes form a distinct limnological group (Hutchison 1957) and are numerous and widespread in western Uganda (Melack 1978; Kizito et al. 1993) , where they provide a large and representative sample of tropical mid-altitude crater lakes, which have the advantage of proximity and accessibility. Here, the crater lakes extend over a natural conductivity gradient, vary in their trophic status and exhibit differing degrees of human impact within their catchments. We sought to establish which measured limnological and catchment variables exerted a strong control on diatom communities and could therefore be used to create models for quantitative inference.
A training set from crater lakes in western Uganda was developed to test the hypothesis that regional datasets, by providing more appropriate and closer analogues, can improve the accuracy of palaeoconductivity reconstructions compared to larger training sets. The environmental inferences from the regional dataset were compared to models based on larger, but geographically and limnologically diverse training sets. We applied both the EDDI and crater lake model to a fossil diatom assemblage from Lake Kasenda, within the study region, to compare how each performed in inferring water chemistry, in the context of other independent proxy records of environmental change from the sediment record over the last ca. 1,000 years.
Study area
In western Uganda, there are over 80 crater lakes in four distinct lake districts (Fig. 1) formed in association with the western branch of the East African rift valley system, and straddle the equator at 30°E from 0°42 0 N to 0°19 0 S. Most have been formed as a direct result of volcanic activity and comprise maars and phreatomagmatic explosion craters (lake types 11 and 12, respectively; Hutchison 1957) . The four lake clusters of Fort Portal, Kasenda, Katwe-Kikorongo and Bunyaruguru differ in landscape setting, climate and hydrology, and hence water chemistry. The northern lakes, near Fort Portal, lie slightly higher in altitude (1,520 m asl) than those in the Kasenda cluster (1,220-1,400 m asl). The Katwe-Kikorongo cluster lie on the rift valley floor (895-925 m asl), whilst those in the Bunyaruguru cluster extend into the southern uplands (975-1,250 m asl). The crater lakes are spread along a strong ecotonal gradient between the moist shoulders north and south, and the dry floor of the rift valley itself (Supplementary Table 1 summarises the physical and chemical data from the four lake clusters).
Rainfall in equatorial eastern Africa is seasonally bimodal, driven by the biannual migration of the Inter Tropical Convergence Zone. In the northern and southern crater regions, annual rainfall varies from Melack (1978) ; c location of the EDDI lakes included in the transfer function (using the coordinates of the sampling points as given in Supplementary Table 4) 1,300 to 1,600 mm year -1 . By contrast, the rift floor averages 750-1,000 mm year -1 , with extreme dry seasons (Atlas of Uganda 1962). The natural vegetation of the region is low-altitude montane forest (Langdale-Brown et al. 1964; Ssemmanda et al. 2005) , which, outside of the national parks has been subjected to widespread clearance to make way for small-scale farming.
Although the crater lakes of western Uganda share similar modes of formation, age and geology, they display a great variety of physical, chemical and biological characteristics (Melack 1978) arising from variations in climate, land-use and morphometry, and as such are natural laboratories for studying limnological responses to a range of drivers in one (bio)geographic area (Mills 2009 ). There is a strong conductivity gradient amongst the lakes, which vary from dilute to hypersaline (\100-135,400 lS cm -1 ), and from shallow and polymictic to deep and permanently stratified (Melack 1978 , Kizito et al. 1993 Eggermont and Verschuren 2004; Mills 2009) .
Lake Kasenda was chosen for the application of the transfer function. Lake Kasenda (0°26 0 N, 30°17 0 E, 1,260 m asl) is a closed crater lake located close to the Kibale Forest National Park (Ssemmanda et al. 2005) . Lake Kasenda is a 0.13 km 2 , 13 m deep, freshwater lake (380 lS cm . This lake has been the subject of multiproxy palaeoecological studies including pollen, diatoms, macrofossils, chironomids and authigenic carbonates (Ssemmanda et al. 2005; Ryves et al. 2011 ).
Methods

Field sampling
The collection of contemporary diatom samples was carried out during several independent field campaigns between March 2000 and January 2007. In all cases, the sampling was undertaken during the dry season. Sampling yielded 64 surface-sediment samples, surface-water conductivity measurements (a common proxy for salinity in closed basins in semi-arid regions; Fritz et al. 1999 ) and other water chemistry parameters from 56 lakes in western Uganda (with some sites having multiple samples from different sampling years). Surface sediment samples were either from the intact sediment-water interface in short cores using a HON-Kajak corer (Renberg 1991) or, in lakes \ 1 m deep, samples were taken by hand (D. Verschuren, pers. comm.) . Basic water chemistry data (e.g. temperature, pH and conductivity) were collected using Hydrolab Quanta and Datasonde probes.
Water chemistry
Filtered water samples were analysed for cations (Ca, Mg, Na, K, Li, Ba, Sr, Fe, Mn), anions (F, Cl, NO 3 , SO 4 ), dissolved silica (Si), total dissolved solids (TDS), dissolved phosphorus (PO 4 -P) and dissolved inorganic carbon (DIC). Samples for all water chemistry analyses were stored in a portable refrigeration unit at \4°C and frozen (anion and cation samples were refrigerated only) on return to the UK before being sent for analysis.
Filtrates for cation, PO 4 -P and TDS analysis were stabilized with ultra-concentrated nitric acid and stored in 60 ml acid pre-washed bottles. Filtered samples for analysis of anions, Si and DIC were stored untreated. Cations and Si were analysed by Inductively Coupled Plasma Atom Emission Spectrometry (ICP-AES; IRIS, Thermo Elemental). F, Cl, NO 3 and SO 4 were analysed by ion-exchange chromatography (DX100, Dionex).
Total phosphorus (TP) and total nitrogen (TN) samples were unfiltered and fixed by adding concentrated sulphuric acid (reducing pH to \2). TP was determined by wet oxidation in an acid persulphate solution (120°C, 30 min) and TN (as nitrate plus nitrite) by wet oxidation in an alkaline persulphate solution following the methods of Grasshoff et al. (1983) . Pre-treatment for chlorophyll-a determinations involved filtering a known volume of water through Whatmann GF/F glass-fibre filters (0.8 lm). Chla was determined by high-pressure liquid chromatography following the protocol of Wright et al. (1997) . Samples for dissolved organic carbon (DOC) were filtered and analysed using a Shimadzu Total Organic Carbon analyser (TOC-VCSN).
Water samples stored in acid pre-washed bottles were taken for isotopic analyses (d 13 Samples for diatom analysis were prepared following the procedure of Renberg (1990) . Strewn slides were mounted in Naphrax and at least 500 valves per sample were counted under oil-immersion phasecontrast light microscopy (91,000) using a Leica DME microscope. A variety of general (Krammer and Lange-Bertalot 1986 , 1988 , 1991a and regional floras (Gasse 1986; Cocquyt 1998) were consulted, and valves identified to species level where possible. Diatom species abundances are expressed as percentages, calculated using total number of valves recorded for each sample.
Numerical methods
Prior to statistical analyses, the water chemistry data were transformed to remove skewed distributions and to reduce the influence of extreme values (Supplementary Table 2 ). The major water chemistry gradients within the data set were analysed using principal components analysis (PCA). Detrended correspondence analysis (DCA; Hill and Gauch 1980) of the % transformed diatom data was used to determine patterns in the assemblage data. Axis 1 gradient lengths derived through DCA were used to determine whether unimodal or linear ordination techniques were the most appropriate means to examine species response to environmental gradients (ter Braak 1995) .
Canonical correspondence analysis (CCA) was used to explore the relationships between diatom assemblages and environmental variables. Forward selection, using a Bonferroni adjustment, identified significant variables (p \ 0.05) suitable for model development. The significance of the first axis and the sum of all canonical axes (forward selected variables) was tested using a Monte Carlo permutation test (n = 999 unrestricted permutations).
Variance partitioning (Borcard et al. 1992 ) by a series of CCAs was performed on the forward selected variables. The significance and unique contribution of each variable to the variance in the diatom data was determined by removing the effects of other significant variables. Partial CCAs were performed on all combinations of variables to establish the interaction between them. The importance of each forward selected environmental variable was determined by comparing the first constrained axis (k 1 ) to the unconstrained axis (k 2 ; Kingston et al. 1992) .
Transfer functions were derived using C2 (Juggins 2003) . A variety of models were tested. All models were internally validated using the leave-one-out jackknifing cross-validation method and were compared on the basis of their root mean squared error of prediction (RMSEP). Potential outliers in the dataset were explored by assessing the jack-knifed residual (inferred-observed; Gasse et al. 1995) . ''True'' outliers were identified using the method of Racca and Prairie (2004) which reduces the apparent bias in the residual data, instilling greater confidence in the predictive capability of the model. The influence of the identified samples on the model was assessed using Cook's D (Cook and Weisberg 1982) and compared against the critical value of n/4 (where n = number of sites in the model). As the surface sediment from the Lake Kasenda core is included in the crater lake training set, the corresponding sample was removed from the final model prior to application to the fossil data. This had negligible effect on model performance (as estimated under internal validation) or on the inferred values. The samples collected by Verschuren and colleagues (2000-2002) have temporally 'offset' water chemistries Gasse 1986 ). Although sediment samples and water chemistry data were taken simultaneously, a change in the laboratories used for water chemistry analyses led to discrepancies in the output and an incompatibility between the results (D. Verschuren, pers. comm.) . As a result, the lakes from this dataset were re-sampled for water chemistry (but not sediments) during 2007, thus creating an offset between the sediment samples and water chemistry. Comparison of the old (2001) (2002) and new (2007) measured conductivities of these samples show little variation in the majority of the lakes. The largest discrepancies are noted in the hypersaline lakes, known to be the most variable on inter-annual time scales (Hammer 1986; Mills 2009) .
The full dataset consists of 64 sediment samples from 56 lakes, although only 58 samples contained diatoms (UG-58). The six sites without sedimentary diatoms are hypersaline (96,100-217,000 lS cm -1 ). Of the 58 samples with diatoms (from 53 lakes), 40 have full water chemistry data (UG-40). Thus two crater lake datasets were created: UG-40, representing the lakes with full water chemistry and fossil diatom data and UG-58, representing all lakes with fossil diatom data and basic limnological data (e.g. conductivity and depth).
In an attempt to fill the gap between the fresh water and hypersaline sites in the UG-58 dataset, 18 additional lake sites were integrated into the dataset using sites and samples from eastern African samples within the European Diatom Database (EDDI; Supplementary Table 3 ). The use of these sites aimed to overcome this issue and to enhance the representation of some key taxa often found in fossil assemblages (Mills 2009; Ryves et al. 2011) but not in the training set. Only lakes from the EDDI East Africa dataset were reviewed for inclusion. This was to ensure that there was an overlap in the diatom flora and for biogeographical consistency. Sites from EDDI were chosen primarily to bridge the conductivity range from 1,050 to 16,300 lS cm -1 . Hypersaline sites from EDDI were avoided to prevent the inclusion of unique flora associated with these unusual sites. Following this process, sites were also examined to ensure that the dominant flora were similar to that of the crater lake training set in order to create an ecologically continuous combined training set of 76 samples (UG-76). All datasets were screened to exclude taxa which had a maximum abundance of less than 0.5 %, to allow consistency with the EDDI training sets.
Results
Exploratory analyses of the training set
Two hundred and twenty seven taxa were identified during diatom analysis, seven of which could not be resolved to species level. For all analyses any taxon with a maximum abundance of\0.5 % was excluded, coinciding with the cut-off used within EDDI. Exploratory ordination analyses were carried out on the UG-40 dataset, as this dataset had full corresponding water chemistry. The hypersaline Lake Kitigata and freshwater Lake Kyogo were outliers. These lakes were removed and the analyses rerun. DCA of the UG-40 dataset, using untransformed (none), square-root (H) and log-transformed (log) percentage data (species [ 0.5 %, rare species down-weighted), revealed axis 1 gradient lengths of 3.34 (H) -5.66 (none) SD units. The resultant gradient lengths for all data transformations were greater than 2 SD suggesting unimodal methods were the most appropriate for further analysis (Hill and Gauch 1980; ter Braak 1995) .
CA indicated an arch in the data; therefore DCA (with detrending by segments and down-weighting of rare taxa) was used to explore the major patterns of variation within the diatom data. Between 10.2 % (none) and 13.5 % (log) of species variance was explained on axis 1, and a further 6.6 (H) to 7.3 % (log) on axis 2 in the DCA ordinations. Broken stick analyses revealed that axes 1 and 2 were both significant in all cases (p = 0.05).
Principal components analysis of the transformed environmental variables of UG-40 (Fig. 2a) indicated axis 1 (explaining 35.8 %) was highly correlated with conductivity and the major ion concentrations, as well as TP and TN, whilst axis 2 (20.1 %) contrasts lakes with no human impact in their catchments with those that have partially impacted catchments. Broken stick analyses revealed that axes 1 and 2 were both significant at p = 0.05.
Constrained ordinations
Sites were originally chosen for the construction of a conductivity model and DCCA was used to estimate conductivity gradient length (Birks 1995) . Results of the DCCA analysis on UG-40 (with 2 outliers removed, as above) revealed an axis 1 gradient length of 3.649 and CCA produced eigenvalues of 0.531 (k 1 ) and 0.296 (k 2 ). The first two ordination axes were significant (p \ 0.05), accounting for 11.8 % of the total variation in the diatom data. Whilst a low percentage of explained variance is relatively typical of noisy datasets with large numbers of taxa and many zero values in the species matrix, the variance explained here is higher than several other published studies (e.g. 6.8 %, Gasse et al. 1995; 7.3 %, Reed 1998; 9.9 %, Davies et al. 2002) . The three constrained ordination axes explained 15.3 % of the total variance. The patterns of species and sites under CCA were similar regardless of the species transformation used and showed close correspondence to the unconstrained ordinations.
Forward selection and variance partitioning
A subset of three significant environmental variables (conductivity, TN and depth) was determined using forward selection with a Bonferroni adjustment with both the first axis and full model significant at p \ 0.001 (n = 999 permutations). The relationship between the three significant variables and the UG-40 training set is shown in Fig. 2b . These variables account for a total of 15.8 % of the variance in the diatom data (Fig. 3) . The total explained variance is composed of unique contributions (each significant at p = 0.001) from conductivity (6.65 %), total nitrogen (TN; 3.87 %) and depth (4.36 %), with only 1 % variance shared. These results indicate that conductivity is a dominant driver of diatom distribution (explaining 7.46 % as a sole variable; Fig. 3 ), and therefore a diatom-conductivity model can be explored with the larger dataset, taking advantage of more samples with observed conductivity measurements.
Transfer function development
After exploration of the UG-40 dataset, CCA of the UG-58 and UG-76 were carried out to test the significance of conductivity within these datasets. Under DCCA, with log-transformed conductivity as the sole explanatory variable, the ratio between the eigenvalues of the first (k 1 ; constrained) DCCA axis and the second (k 2 ; unconstrained) DCA axis on all three datasets (UG-40, UG-58 and UG-76) was C0.5, suggesting that the relationship between diatom species distribution and conductivity was sufficiently strong to generate a diatom-conductivity calibration dataset (Kingston et al. 1992; ter Braak and Juggins 1993) . The gradient length for conductivity (DCCA axis 1) in all datasets was [4 SD units, suggesting unimodal models (WA and WAPLS; ter Braak and Juggins 1993) were the most appropriate. Weighted averaging (WA) models with and without tolerance downweighting were tested using classical and inverse deshrinking (Birks 1995) . For all models two clear outliers were identified: the hypersaline lakes Mahega and Kitigata. These lakes both support unique flora, with Lake Mahega dominated by a form of Nitzschia latens v. etoshensis Choln. (97 %) and Lake Kitigata dominated by Navicula gawaniensis Gasse and N. latens Hust. (35 and 21 %, respectively). Other potential outliers in the training set were identified as those with a jack-knifed residual (inferred-observed) greater than the standard deviation of the environmental parameter in question (Gasse et al. 1995) after the removal of lakes Mahega and Kitigata (log conductivity SD = 0.52; Fig. 4a ). This highlighted six additional sites that were potential outliers in the dataset, four from the original crater lake dataset and two from the EDDI East Africa dataset.
An alternative method exists for the identification of 'true outliers' (Racca and Prairie 2004) , where residuals (observed-inferred) are plotted against predicted conductivity values (Fig. 4b) . This method (with Kitigata and Mahega omitted) again indicates that the same six lakes in the dataset are potential outliers. Five were removed after critically inspecting their flora and sample type from the model based on the following criteria: (1) whether removal of the outliers actually improved the model performance (r jack 2 ); (2) whether samples had a low Cook's D and (3) whether removal had an impact on species optima. Although one site (Lake Kikorongo) passed conditions (1) and (2), it was kept in the model as the deletion of this sample significantly altered the conductivity optima of some taxa in the UG-76 model. Several conductivity models were developed, based on the three datasets (UG-40, UG-58 and UG-76, with and without outliers, the latter coded ''b'') and using different techniques (WA, WAPLS and MAT). This was carried out to highlight the importance of the additional EDDI sites to the original UG dataset. In the majority of cases, for all datasets, WA models with tolerance down-weighting proved the strongest statistically.
Simple weighted averaging (WA) and weighted averaging-partial least squares (WA-PLS) models out performed MAT techniques (both simple MAT and weighted averaging MAT [WMAT] ). MAT and WMAT resulted in models with low r 2 for the UG40b and UG-58b training sets; RMSE and maximum bias values were large. Although the UG-76b model performed much better (r 2 = 0.62; WMAT), the RMSE and maximum bias were large ([0.3 and [0.8 log conductivity units respectively). Weighted averaging and WAPLS performed well on all three training sets, with r 2 [ 0.75 in all cases. However, WA performed much better when leave-one-out cross-validation techniques (jack-knifing) were employed. Values of r jack 2 for the WAPLS components in many cases were much less than 0.5, although high for the UG-76b training set (r jack 2 = 0.67). However, this improvement was related to WAPLS component 1 (identical to simple WA with inverse deshrinking). As a result weighted averaging models were investigated further (Table 1) .
Weighted averaging with tolerance down weighting (WA tol ) models produced lower jack-knifed RMSEP for the UG-76b model, whereas WAPLS showed no improvement at all. In all cases, the UG-76 dataset performed better than either of the smaller datasets (UG-40, UG-58). The model chosen was the WA tol with classical deshrinking; r jack 2 = 0.74, RMSEP = 0.256 log conductivity units, based on the UG-76 dataset after removal of 7 outliers (UG76b). This performed well (in terms of the highest r jack 2 and lowest RMSEP), although the WA tol with inverse deshrinking gave an almost identical performance (r jack 2 = 0.737, RMSEP = 0.257). The model using classical deshrinking was finally selected as it has a lower maximum bias than that using inverse deshrinking (0.36 compared to 0.49 log conductivity units). The results of the diatom conductivity model of EDDI East Africa dataset and Gasse et al. (1995) are displayed in Table 1 to highlight the comparable performance of the crater lake training set. Values of r 2 and r jack 2 for both the UG-76b dataset and that of Gasse et al. (1995) are very similar, whilst the RMSEP and maximum bias are substantially lower in the UG76b model; RMSEP in particular is 35-50 % smaller in UG-76b compared to EDDI models. The model based on the UG-76b jack-knife WA tol (classical deshrinking; hereafter referred to as the crater lake transfer function) was applied to the sediment fossil diatom data to produce conductivity reconstructions at Lake Kasenda (the deshrinking coefficients for this transfer function are given in Supplementary Table 4). Fig. 4 a i-iv Performance of the weighted averaging model with tolerance downweighting and classical deshrinking (with leave-one-out jack-knife) for the UG-76 dataset (EDDI sites denoted as open circles). A lowess smooth has been applied to the residual data (ii and iv). Potential outliers are highlighted and were identified using the standard deviation of the conductivity data (0.52 log conductivity units; ii); b Potential outliers identified in the UG-76 dataset using the method of Racca and Prairie (2004) . The dashed line denotes the standard deviation of the conductivity data. This alternative method aims to identify 'true outliers' whilst reducing the trend in the data. This method highlights the same six outliers identified in (ii); c Apparent versus observed conductivity for the final model, UG-76b (the crater lake model)
Comparison of the crater lake and EDDI transfer functions
The diatom-conductivity model was applied to sedimentary diatom assemblages from a sediment sequence collected from Lake Kasenda, a crater lake in western Uganda. The record from Lake Kasenda spans 1,200 years (Ssemmanda et al. 2005; Ryves et al. 2011; Fig. 5) . Conductivity reconstructions were carried out using the crater lake transfer function and the East Africa conductivity training set (EDDI). The diatom assemblages at Kasenda are dominated by ) from the European Diatom Database (EDDI). All modelling was carried out on 0.5 % screened data (to ensure consistency with the EDDI dataset). The best model in each set is italicized. The final model is highlighted in bold # Lake Kitigata; * Lakes Kitigata and Mahega; Lakes Kitigata, Mahega, Victoria, Blue Pool, Nkugute, Marairs ol Bolossat Nitzschia bacillum Hust., with important contributions in certain periods by Aulacoseira granulata (Ehr.) Simonsen, Synedra acus Kütz., Gomphonema spp., Amphora copulata Kütz. and Cocconeis placentula (Ehr.). Full details of the Kasenda sequence (biotic and abiotic records) are provided in Ssemmanda et al. (2005) and Ryves et al. (2011) . All fossil samples from Kasenda had an average of 90 % of species data covered by the crater lake model and [80 % were included in the EDDI model.
The two conductivity reconstructions for Lake Kasenda show a strong inverse correlation (Fig. 5) , with the EDDI model implying a saline phase early on in the record, giving way to lower conductivity for much of the record from c. AD 1000, and the opposite inferred by the crater lake model. Evidence from other proxies in this sediment sequence, and from other lakes in the wider region, strongly support the crater lake model as providing the more accurate conductivity history at this site. Low conductivity from c. AD 700 to AD 1000 is supported by pollen and other proxy data, although conditions were likely relatively dry regionally, with freshwater conditions sustained by water inflow and salt loss via groundwater connections. Generally elevated conductivities at Kasenda from c. AD 1200 to 1600 agree with high Poaceae pollen percentage, low tree percentage and isotopic data (Ssemmanda et al. 2005 ) that this was a dry interval, while fresh events at c. AD 1000, 1400 and 1700 stand out (in agreement with isotopic data and regional palaeorecords; Ryves et al. 2011, Fig. 5 ).
Discussion
Species-environment relationships
Unimodal models assume that diatom taxa respond with a distinct single peak (optimum), with symmetric distributions (tolerance) along the environmental gradient under investigation. Whilst the gradient length of the first unconstrained and constrained axes (DCA = 5.89 SD; CCA = 8.88 SD of untransformed % data) of the diatom data indicates that diatom species responses were largely unimodal for the crater lake (UG-76) dataset, the form of response of individual species was tested using the maximumlikelihood method of Huisman-Olff-Fresco (HOF; Fig. 5 Comparison of reconstructed conductivity using the crater lake model and EDDI (East Africa) training sets on a sediment core from Lake Kasenda (see Ryves et al. 2011) . Pollen data are from Ssemmanda et al. (2005) and bulk carbonate data from Ryves et al. (2011) . % sum included = % of fossil (core) data included in the model. Huisman et al. 1993) . Statistical analyses of species response, using HOF for species present in at least 10 samples indicated a range of responses, from symmetric unimodal responses (e.g. Amphora copulata, Fragilaria tenera W. Sm. and Gomphonema pumilum (Grun.) Reichardt & Lange-Bertalot to skewed unimodal responses (e.g. Amphora pediculus (Kütz.) Grun. and Aulacoseira granulata) and sigmoidal responses (e.g. Amphora veneta Kütz. and Aulacoseira ambigua Grun.). The HOF analyses included 57 taxa from the crater lake training set. Almost 70 % (39) of the 57 taxa included have a unimodal response (HOF types IV and V) to conductivity, whereas only 7 % (4) show a monotonic decrease or increase; 24 % (14) do not show any relationship.
There is a good relationship between the distribution of diatom taxa and conductivity in the crater lake training set. Whilst the assumption of a unimodal response for all taxa is an oversimplification of a complex system, there is a turnover of species as conductivity increases (Fig. 6) . In addition to this, many species demonstrate distinct optima across this gradient, although some taxa appear indifferent or eurytopic in their response to conductivity across much of the gradient (e.g. Nitzschia fonticola Hust.). For such taxa, their distributions are thus controlled by other variables than conductivity in contemporary crater lake systems (such as Cyclotella meneghiniana Kütz.). Samples with the highest and lowest conductivity waters support distinct diatom floras.
Amalgamating regional and continental-scale transfer functions
One of the most significant problems encountered whilst developing the crater lake training set was the paucity of modern lakes with 'intermediate salinities' (i.e. in the range 10 3 -10 4 lS cm -1 ; Verschuren 2003; Eggermont et al. 2006) . This is a phenomenon that occurs throughout eastern Africa (Verschuren 2003) . Lakes across the study area (from Fort Portal in the north to Bunyaruguru in the south) are either fresh (typically \1,500 lS cm -1 ) or (hyper)saline ([20,000 lS cm -1 ), thus few lakes lie close to the biologically important freshwater-saline transition (3,000 lS cm -1 ; Hammer 1986). This is perhaps not unexpected from the perspective of lake water balance and the potential role of local groundwater. For this reason, selected sites from the EDDI database were amalgamated with the crater lake training set to fill this gap.
However, the merging of different datasets is not without problems, one of which is the taxonomic and methodological inconsistencies between datasets due to different analysts (Birks 1995) . In this instance, the EDDI diatom taxonomy was updated to match that of the crater lakes (e.g. Amphora libyca Ehr. renamed Amphora copulata), but this was completed using the images and morphologic descriptions available online, as the original EDDI slides could not be consulted. Furthermore it may cause secondary environmental gradients to become more prominent (Eggermont et al. 2006) .
Including sites of intermediate conductivities into the transfer function not only improved the model performance, but also its utility, as intermediate conductivities may have existed in the past in western Uganda under different climatic regimes (Fig. 5; Mills 2009; Ryves et al. 2011 ). Given the current pattern of lake conductivity across eastern Africa (Verschuren 2003) , however, it remains possible that some of these lakes have never experienced intermediate conductivities, with only abrupt changes characterising the fossil record, and thus rendering the reconstruction of intermediate conductivities misleading. The sediment record from Lake Kasenda, however, suggests otherwise, at this lake at least ( Fig. 5 ; Ryves et al. 2011) .
The distributions of some well-represented taxa from the crater lake training set can be compared with those from the EDDI East Africa training set (n = 167; Gasse et al. 1995) . As demonstrated in Fig. 6 , while there is generally good agreement between the two training sets, there are significant differences between the optima of some key taxa in the UG-76b training set (such as Amphora acutiuscula, Nitzschia inconspicua and C. meneghiniana).
There are a number of potential reasons why this may be the case. Firstly, and perhaps the most important reason for the differences in the species optima, is the size of the training set. Gasse et al. (1995) use a 276-lake dataset from across Africa (167 of which are in the East Africa dataset). The crater lake training set here is relatively small in size (69 after deletions), and the lakes sampled cover a smaller conductivity gradient than the African training set. The minimum recorded conductivity for the African training set is 40 lS cm -1 (55 lS cm -1 in the crater lake training set), with a maximum of 99,060 lS cm -1 (16,300 lS cm -1 in the crater lake training set after the removal of the two hypersaline outliers) and the median conductivity for the African training set is 925 lS cm -1 (520 lS cm -1 in the crater lake training set). This highlights the fact that the crater lake transfer function contains more samples from, and is therefore biased towards, the fresher end of the conductivity gradient. It is also likely that the true optima for some species may not have been identified in the crater lake training set, given the shorter conductivity gradient (for example, A. acutiuscula, Anomoeoneis sphaerophora and Navicula elkab at the upper end of the conductivity gradient). Some taxa show very different optima despite good coverage within the crater lake training set (such as Gomphonema intricatum, N. inconspicua and C. meneghiniana). This is especially apparent for C. meneghiniana, an important diatom in many stratigraphic sequences from western Uganda (e.g. Mills 2009; Ryves et al. 2011) , where there is a particularly large discrepancy between optima (Fig. 6 ). C. meneghiniana, a cosmopolitan facultatively-planktonic species is described as euryhaline (Caljon and Cocquyt 1992) , but its salinity (conductivity) preference varies amongst studies (Tuchman et al. 1984; Roubiex and Lancelot 2008) . Cyclotella meneghiniana is a species most often associated with waters of higher conductivity in eastern Africa (Gasse 1986 ), but elsewhere has also been shown to bloom in freshwater eutrophic lakes (Dong et al. 2008 ) and freshwater lakes with a high water temperature (Mitrovic et al. 2008) . Despite this, the optimum generated for the crater lake training set is more ecologically plausible than the EDDI African dataset optimum. There are only a handful of sites where C. meneghiniana occurs in significant abundance within the EDDI African dataset with extremely high conductivities, and these clearly exert a large influence on the dataset and calculated conductivity optimum (Gasse 1986 ; EDDI website). Furthermore, all but one of these sites included in the EDDI African dataset are either hot springs or salt swamps. The discrepancy between the optima calculated for C. meneghiniana between the crater lake transfer function and the EDDI East Africa dataset is more plausibly attributed to an overestimation of optimum in the latter dataset, caused by the inclusion of a small number of highly saline swamps. Alternatively, other factors which influence the presence/abundance of C. meneghiniana (eutrophication and high water temperatures; Dong et al. 2008; Mitrovic et al. 2008 ) and the robust nature of C. meneghiniana valves allowing them to be preferentially preserved and identified (Barker 1990; Ryves et al. 2009 ) may be confounding factors in the distribution of C. meneghiniana within EDDI.
It is possible that, in some cases, there is a mismatch between the 0-0.5 cm surface sediment and the measured water chemistry, with the sediment sample covering either a shorter or longer time period than the water sample (where sedimentation rates are very fast or very slow, respectively). Although one of the more stable aspects of water chemistry, conductivity will change seasonally corresponding to wet or dry seasons, while the upper 0.5 cm of sediment may represent a single season, or up to a year or more, and so integrate fluctuations in diatom species assemblage composition over different periods (and potentially mismatched to measured conductivity). For many smaller lakes in the region, present-day sedimentation rates are not known, but recent work across a range of crater lakes in Uganda suggest current rates range between 0.2 and 2 cm year -1 (e.g. rates of 2 cm year -1 calculated in Lakes Wandakara and Kyasanduka; Ssemmanda et al. 2005; Mills 2009 ).
There are a number of limitations to quantitative palaeoecological reconstructions in western Uganda using the crater lake training set (even with additional EDDI sites included). For example, a number of important fossil species in Ugandan lake sediments are poorly represented. Thalassiosira rudolfi Bach., Amphora coffeaeformis Ag. and A. veneta are abundant in analysed core sections from some lakes (Mills 2009), but they are rarely found in the modern regional environment. This can result in problems when applying the transfer function to palaeoecological data. Another potential issue when applying the transfer function to core sediments is the potential modification of modern lakes and their respective surface sediment samples due to human impact. Many lake basins in western Uganda have experienced significant human impact in the recent past (last 50-100 years; Ssemmanda et al. 2005; Mills 2009 ). While TN is important within the Ugandan crater lakes training set, there is little statistical overlap with conductivity (although this does not preclude such an overlap in fossil assemblages). Clearly, however, in contemporary lakes, conductivity is not the dominant driver for all diatom taxa, or important at all sites, and care is needed in choosing suitable lakes if palaeoclimate is the principal research interest. Even in this climaticallysensitive region, diatom response may be driven by non-climatic (or only indirectly climatic) factors, such as nutrient concentrations or turbidity, underlining the need for a multi-disciplinary and multiproxy approach to corroborate environmental inference from any single signal. Nonetheless, we suggest that carefully constructed regional training sets and models can improve inferences made from larger, merged multilake type and multi-analyst datasets, especially for such smaller, limnologically distinct lakes. Such an approach can help unlock the palaeoenvironmental and palaeoclimatic potential of the rich sedimentary archives of these systems.
Conclusion
The diatom-conductivity transfer function is the first of its kind focussing on crater lakes and highlights issues of how far transfer functions based on continental-scale lake datasets such as the EDDI panAfrican models should be used and the benefits that may be obtained from regional training sets. The training set assembled for this study has enabled the development of a robust transfer function for reconstructing past conductivity changes. Other important gradients were present in the data set (i.e. TN and depth), and whilst this has implications for the performance of the conductivity transfer functions, it may also facilitate the development of a robust transfer function for TN from other lakes in the region. As a result it should be used in concert with other independent biological proxies, both quantitative (e.g. chironomid conductivity model of Eggermont et al. 2006) and qualitative (e.g. pollen, macrofossils, stable isotopes).
There was a need for a new transfer function to address changes in the western Ugandan crater lakes as pre-existing transfers function tend to over-estimate the conductivity optima of several key species (as observed from modern-day diatom distributions), causing erroneously high values in reconstructions. However, significant environmental changes associated with climatic fluctuations and anthropogenic disturbance in many lakes in western Uganda has meant that a number of important species in other regional palaeolimnological records do not have modern analogues. The lakes in western Uganda today are either fresh (shoulder of the rift valley), or very saline (floor of the rift valley), and the training set perhaps bears similarities to the Spanish dataset of Reed (1998) . This problem was overcome by the addition of extra sites of intermediate salinities from the EDDI East Africa training set. Whilst this undoubtedly improves the model's performance, it may not be ecologically realistic if these systems are subject to abrupt transitions between fresh and saline conditions. Multiproxy analyses can generally determine if this has been the case, however, in particular lakes.
Models are best judged by how useful they are (rather than how accurate), and by this test the crater lake model is more useful for such lakes than the larger, but heterogeneous, EDDI models. The transfer function developed from the crater lakes of western Uganda improves on the regional EDDI models which have been widely, and often uncritically, applied across a range of lake types in eastern Africa. Nonetheless, the EDDI training set remains useful, especially for larger lakes, and can be refined by applying models to planktonic taxa only for example (Stager et al. 2009 (Stager et al. , 2011 . We argue that developing more regionally and limnologically specific models, as here, may provide the appropriate key to unlock the archives of eastern African crater lakes. These lakes house as yet under-exploited records of palaeoenvironmental information, but their value is being increasingly recognised to explore and answer key questions of regional and local-scale change over the Holocene at high temporal resolution.
University) for the processing of the water chemistry samples.
